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Abstract. Varying speed machinery condition detection and fault diagnosis are more difficult due 
to non-stationary machine dynamics and vibration. In this paper, an intelligent fault diagnosis 
method based on order analysis and extreme learning machine (ELM) is proposed. Order tracking, 
easily identifying speed-related vibrations, is useful for machine condition monitoring, which 
could obtain the resampling signal of constant increment angle. Then, the power spectrum (PS) of 
characteristic orders, as the fault feature vectors, is extracted and normalized from the de-noising 
signal. Last, in order to diagnose the faults of the gearbox automatically, ELM, provided better 
generalization performance at a much faster learning speed and with least human intervene, is 
applied to identify and classify the faults. From the result of experiment, the approach of this paper 
is effective to judge the fault type under variable speed conditions. 
Keywords: order tracking, extreme learning machine, fault diagnosis. 
1. Introduction 
Gearboxes, widely used in machinery equipment, plays a significant role in industrial 
applications, which are mainly reflected on the large-scale machinery, such as cars [1], aircraft 
[2], wind power generation system [3]. Thus, the gearbox damaged, will result in loss of 
production and raise the cost of machines’ maintenance [1]. So, it is very important to monitor the 
condition of the gearboxes to avoid run time breakdown of the machine. However, gearbox is a 
very complex mechanical system that can generate vibrations from its various elements such as 
gears, shafts, and bearings [4]. Even though several techniques have been proposed in the literature 
for feature extraction, such as, time analysis, frequency analysis, wavelet transform (WT), 
empirical mode decomposition (EMD) and Hilbert transformation method [5-8], it still remains a 
challenge in implementing a diagnostic tool for real-world monitoring applications because of 
non-stationary signals in the time domain under the complexity of machinery structures and 
operating conditions.  
The order analysis, a method which can transform non-stationary signals in the time domain 
into the stationary signal in the angular domain, easily identify speed-related vibrations. 
K. R. Fyfe et al. introduced two approaches to obtain signals in the angular domain, namely the 
hard order tracking and computed order tracking (COT), and the comparison of two methods in 
details is in the Ref. [9]. After that, Vold and Leuridan put forward an order tracking algorithm 
based on Kalman filtering, which solves interference during orders [10]. And the instantaneous 
frequency (IF) of a signal is also applied order analysis that it could achieve order analysis without 
tachometer [11]. In this study, COT is selected as the method of processing signal because of low 
computational cost and high precision of angular signals. 
ELM, originally developed for the SLFNs, provides better generalization performance at a 
much faster learning speed and with least human intervene [12]. Compared with those traditional 
computational intelligence techniques, ELM shown its good performance in regression 
applications as well as in large dataset and multi-label classification applications. 
This paper is organized as follows: Section 2 introduces COT and ELM, Section 3 describes 
the results performed to validate the method and Section 4 presents the conclusions and related 
future works. 
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2. Methodology 
In the paper, a novel approach of the fault pattern recognition is presented, which contains the 
following steps: (1) Angular transformation of the vibration signal based on computing order 
tracking; (2) Feature extraction of the angular signals; and (3) Fault diagnosis based on ELM as 
illustrated in Fig. 1. 
2.1. Computed order tracking 
A method, obtaining the signal in the angular domain based on COT, depends on the rotational 
speed pulse (see Fig. 2). Compared with the hard order tracking, installing complex devices, COT 
can obtained rotational speed to install a tachometer to obtain resample signals. After resampling, 
the signal in angular domain, carried on the Fourier transform, then obtains the order domain. 
Sampling rate ௌܱ should meet the conditions of Eq. (1) because of the Nyquist sampling theorem: 
ܱ௠௔௫ ൑ ܱ௡௬௤௨௜௦௧ = ௌܱ2 , (1)
where ܱ௠௔௫ , the maximum analysis order. And in order to ensure a full period sampling, the 
sampling number of each cycle should be 2௡, ݊ equals 1, 2, 3…. 
 
Fig. 1. The flow chart of the article 
 
Fig. 2. Rotational speed pulse signal 
Angular resampling is the most important step in the realization of order tracking. 
The steps of order tracking methods analysis [9]: 
1) Function ݊(ݐ) fitted by keyphasor signal. 
2) Calculating the angle function ߠ(ݐ) = గଷ଴ ׬ ݊(ݐ)
௧
଴  of the reference axis.  
3) Calculating the resampling time ݐ௡, through the quadratic curve fitting. It is assumed that 
the shaft is undergoing constant angular acceleration. With this basis, the shaft angle, ߠ, can be 
described by a quadratic equation of the following form: 
ߠ(ݐ) = ܾ଴ + ܾଵݐ + ܾଶݐଶ. (2)
The unknown coefficients ܾ଴, ܾଵ, ܾଶ are found by fitting three successive keyphasor arrival 
times (ݐଵ, ݐଶ, ݐଷ), which occur at known shaft angle increments Δ߶ = 2ߨ  
Then, this yields the three following conditions, ߠ(ݐଵ) = 0; ߠ(ݐଶ) = Δ߶; ߠ(ݐଷ) = 2Δ߶: 
Extracting the feature frequency 
Vibration signal,
the signal of 
tachometers:
Vibration signal with 
fixed cycles
Eliminating trend term
Equal angle sampling
Signal of the equal angle 
Fast Fourier Transform
Order power spectrum
 Classification based on 
ELM
AN APPROACH TO FAULT DIAGNOSIS FOR GEARBOX BASED ON ORDER TRACKING AND EXTREME LEARNING MACHINE.  
HUA SU, CHEN LU, JIAN MA 
212 © JVE INTERNATIONAL LTD. VIBROENGINEERING PROCEDIA. DEC 2016, VOL. 10. ISSN 2345-0533  
൭
0
Δ߶
2Δ߶
൱ = ቎
1 ݐଵ ݐଵଶ
1 ݐଶ ݐଶଶ
1 ݐଷ ݐଷଶ
቏ ൝
ܾ଴
ܾଵ
ܾଶ
ൡ, (3)
 ݐ௡ =
1
2ܾଶ ቈට4ܾଶ(ߠ௞ − ܾ଴) + ܾଵ
ଶ − ܾଵ቉. (4)
In the formula, ݐ௡ is the time when the angle of ߠ௞ is turned around.  
4) Calculating the vibration data ݔᇱ( ݐ௡) of the equivalent angle by interpolation of the original 
vibration signal ݔ( ݐ௡), and interpolating functions are as follows: 
ݔ( ݐ௡) = ෍ ݔ(݇ݐ௦)݄௦(݇ݐ௦ − ݐ௡)
௞
, (5)
݄௦ (ݐ) = sinܿ(ߨ ௦݂ݐ) =
sin(ߨ ௦݂ݐ)
ߨ ௦݂ݐ . (6)
In the formulas, ݐ௦ denotes the interval of sampling in the time domain, the value of ݇ makes 
that ݇ݐ௦ and ݐ௡ are the closest, ݄௦ is the interpolation filter, ݄௦(ݐ) is the interpolation function. 
2.2. Extreme learning machine 
Single-hidden layer feedforward neural networks (SLFNs) algorithm, the structure shown in 
Fig. 3, is the basis of ELM. Compared with the traditional SLFNs algorithm, ELM is a novel 
algorithm of SLFN, which has lots of advantages. Obviously, ELM could randomly produce 
weight between hidden layer and input layer and the thresholds of hidden layer nodes are also 
stochastically. Furthermore, while training the network, ELM can avoid to adjust weights or 
thresholds. Simply speaking, the algorithm only needs to set the number of hidden layer neurons 
to get the unique optimal solution. And learning pace of ELM is very quick and it shows good 
generalization performance. As follow, the Eq. (7) is the mathematical model of ELM [12, 13]: 
௅݂(ݔ) = ෍ ߚ௜ ௜݃(ݔ)
௅
௜ୀଵ
= ෍ ߚ௜ܩ௜(ܽ௜, ܾ௜, ݔ)
௅
௜ୀଵ
, ݔ ∈ ܴௗ,   ߚ௜ ∈ ܴ௠. (7)
In the Eq. (7), ௜݃ expresses the output function ܩ௜(ܽ௜, ܾ௜, ݔ) of the ݅th node which belongs to 
the hidden layer.  
 
Fig. 3. Single-hidden layer feedforward network 
For a neural network, the activation function is very important. For ELM, the activation 
functions of the hidden layer usually have three types: 
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݃(ݔ) = 1൫1 + exp(−ܽ ∙ ݔ + ܾ)൯, (8)
݃(ݔ) = ൜1, ܽ ∙ ݔ − ܾ ≥ 0,0, otherwise, (9)
݃(ݔ) = (‖ݔ − ܽ‖ଶ + ܾଶ)ଵ ଶൗ . (10)
In [12, 13], the authors made a statement of advantages and explain that three types of 
activation functions show good performance. And in this paper, Eq. (8) is selected as the activation 
function. The steps of ELM algorithm as follows: 
1) Determine the number ܮ of neurons in the hidden layer and activation function ݃(ݔ), and 
randomly assign ܽ௜, ܾ௜, ߚ௜.  
2) Calculate the output vector of ݅th. 
3) Calculate the output weight ߚመ . 
3. Results 
3.1. Experimental facilities 
The source of the data in this paper comes from the 2009 PHM Conference Data Analysis 
Competition. The data is about gearbox made of 560 samples which are constituted two types of 
gearboxes and fourteen kinds of fault modes. And each of the working conditions has different 
shaft speeds 30, 35, 40, 45, and 50 Hz and four kinds of loads. And the author chooses four typical 
fault modes (see Table 1) to verify the feasibility of the new algorithm proposed [4].  
Table 1. Fault modes chosen of the samples 
 Case Normal Fault 1 Fault 2 Fault 3 
Gear 
32T Good Chipped Good Good 
96T Good Good Good Good 
48T Good Eccentric Eccentric Eccentric 
80T Good Good Good Broken 
Bearing 
IS:IS Good Good Good Ball 
ID:IS Good Good Good Good 
OS:IS Good Good Good Good 
IS:OS Good Good Good Good 
ID:OS Good Good Good Good 
OS:OS Good Good Good Good 
Shaft Input Good Good Good Good Output Good Good Good Good 
3.2. Order tracking and feature extraction 
1) Data resampling. In order to reduce system error of the signal, which could be caused by 
the sensor, signal preprocessing of eliminating trend was implemented. Then COT was used to 
transform the non-stationary vibration signal of time domain into the stationary signal of angular 
domain, this paper uses a method named computed order tracking.  
Autocorrelation Coefficient (ACF) [14] is calculated to compare the stability of signals both 
time domain and angular domain. Autocorrelation Function, effective method to inspect the 
stability of time series while vibration signal is a kind of time series. 
From the Fig. 4, the details of ACFs presented, we can see that the convergence rate of the 
ACF of signal in the angular domain are faster than the other, which verify the angular signal is 
more stable than the time signal. 
2) Characteristic Parameters Extraction. In this section, characteristic vector was extracted. 
First, Fast Fourier transform is applied to the angular resampling signal, thus the order power 
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spectrum can be obtained (see Fig. 5). There was six feature order selected as follows: ଵܹ 
represents the order power spectrum of order 32; ଶܹ represents the order power spectrum of order 
64; ଷܹ represents the order power spectrum of order 96; ସܹ represents the order power spectrum 
(PS) of order 128; ହܹ represents the order power spectrum of order 48; ଺ܹ represents the order 
power spectrum of order 80. Then the characteristic parameters of each characteristic order are 
௝ܹ, ݆ equals 1, 2, 3, 4, 5, 6. 
Because of different energy distributions under different operating conditions, it is feasible to 
use the energy percentage of feature orders as the feature vector. Then the feature parameters are 
normalized: 
௝ܹ = ௝ܹܹ ,     ܶ = ൣܹଵ ܹଶ ܹଷ ܹସ ܹହ ܹ଺൧, (11)
ݓ, sum of the characteristic parameters ௝ܹ, that means ܹ = ∑ ௝ܹ଺ଵ , ݆ equals 1, 2, 3, 4, 5, 6. 
௝ܹ, the normalized parameters of ௝ܹ. ܶ, the feature vector after normalization processing. 
 
a) ACFs in the time domain 
 
b) ACFs in the angular domain 
Fig. 4. The ACFs of different fault modes 
 
a) Normal 
 
b) Fault 1 
 
c) Fault 2 
 
d) Fault 3 
Fig. 5. Order power spectrum under different conditions  
3) Fault diagnosis based on ELM. 
There are 60 samples in each case. 50 samples are used as training samples for the ELM and 
the rest samples are used as testing samples for the ELM. By the way of cross validation, the 
classification performance is showed. The final classification accuracy is the average of the results 
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of the 300 ELM’s classification (see Table 2). 
Based on the COT-PS-ELM approach, the fault detection results under different loads are 
studied. The result of fault diagnosis shows on Table 2. From the Table 2, the COT-PS-ELM 
method shows the accuracies of total are 0.9908, 0.9803, 0.9147, 0.9420 and all of them are greater 
than 90 %. It is also found that the accuracies of low loads are higher than high loads. Thus, it can 
be seen COT-PS-ELM is more suitable for low load conditions. 
The authors declare that there is no potential conflict of interest in this research. 
Table 2. Accuracy of classification based on COT-PS-ELM 
Load Total Normal Fault 1 Fault 2 Fault 3 
Low 1 0.9908 0.9880 0.9850 0.9967 0.9933 
Low 2 0.9803 0.9927 0.9777 0.9640 0.9870 
High 1 0.9147 0.9430 0.9290 0.8643 0.9227 
High 2 0.9420 0.9560 0.9243 0.9417 0.9460 
4. Conclusions 
In this paper, it has been described a new method, COT-PS-ELM, which could be effectiveness 
to faults diagnosis of gearbox. The COT-PS-ELM scheme is shown to be not sensitive to a 
particular speed; that is, fault detected with COT-PS-ELM could reduce the effect of different 
speed operations. Our subsequent work focuses on improving the accuracy of faults diagnosis 
under the high load conditions. 
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